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This study constructs a simulation framework of a "thermodynamic mechanism-da-
ta driven" dual-wheel drive. It proposes a heat flow feature adaptive mapping
neural network (HFAM-NN) that integrates heat flow conservation constraints to
achieve efficient prediction of the temperature field and heat flux density. The ex-
periment uses granite, water, and C30 concrete as heat storage materials, and
is verified by 14.6 GB of experimental data. The results show that HFAM-NN is
superior to traditional algorithms in temperature prediction accuracy (MAE) and
heat flux calculation accuracy (MRE), and has the best prediction effect on water
(MAE = 0.28 °C, MRE = 1.8%). The calculation efficiency is about six times high-
er than that of the finite element method (single working condition time is reduced
from 270-45 minutes). This framework provides quantitative tools for the struc-
tural optimization of sensible heat storage systems and promotes the engineering
application of cost-effective thermal energy storage technology.

Key words: computer simulation, thermal energy storage, sensible heat process,
physical properties, thermodynamics, machine learning,
heat flow feature adaptive mapping neural network

Introduction

In the process of global energy transformation low carbon, thermal energy storage
technology has become a key support, and its research and development and application have
been included in the core of energy strategies of various countries [1]. According to data from
the International Energy Agency, the global thermal energy storage market size will increase
by 23% year-on-year in 2024, of which sensible heat storage technology accounts for 41%, and
plays a significant role in scenarios such as solar thermal power stations and regional heating
networks [2]. However, the existing sensible heat storage system has a gap with the require-
ments of industrial-grade applications in terms of dynamic response speed (<0.5 °C per minute)
and long-term operation stability (annual attenuation rate >8%), and technological innovation
is imminent. Sensible heat storage uses material temperature changes to achieve energy storage
and release. The core lies in the regulation of the thermodynamic properties of the heat storage
medium. This process involves multi-physical field coupling. Microscopically, the thermal ex-
pansion caused by the intensification of lattice vibrations will cause the thermal conductivity
of the material to fluctuate by 15%-20%. Macroscopically, the temperature gradient formed by
natural-convection will cause thermal stress concentration and affect the life of the system. Tra-
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ditional research relies on empirical formulas, which makes it difficult to accurately capture the
non-linear evolution of heat flux (10-1000 W/m?) and temperature field (20-300 °C), hindering
the refined design of heat storage systems. Computer simulation technology offers new hope,
but the FEM and finite volume method have limitations, including complex calculations and
low efficiency, making it challenging to meet the closed-loop requirements of rapid iterative
design-performance evaluation in engineering. In recent years, machine learning has achieved
remarkable results in the field of heat transfer. Still, existing research focuses on data-driven
black box models. It ignores the constraints of fundamental thermodynamic laws, resulting in a
significant increase in the prediction deviation of extrapolated scenarios, with the maximum er-
ror exceeding 15%. Therefore, embedding physical laws such as energy conservation and heat
flow continuity into machine learning models is the key to improving simulation reliability [3].

This study constructs a thermodynamic mechanism — data-driven dual-wheel drive
simulation framework based on the multi-scale characteristics of the sensible heat storage pro-
cess. By proposing an original neural network algorithm that integrates heat flow conservation
constraints, physical quantities such as temperature field and heat flux density can be efficiently
predicted, and 1-2 orders of magnitude improve the computational efficiency. At the same time,
experimental data from three typical heat storage materials, rock, water, and concrete, will be
used to verify the effectiveness of the algorithm, provide quantitative tools for the structur-
al optimization of sensible heat storage systems, and promote the engineering application of
cost-effective thermal energy storage technologies.

Research framework construction
Thermodynamic model establishment
Physical model description of the sensible heat storage system

The physical model of sensible heat storage system is based on cylinder heat storage
tank. The tanks are filled with materials for storing heat, and the outside is insulated to reduce
heat loss [4]. Heat exchange fluid through built-in coil to exchange heat with heat storage ma-
terial. The model is described by a 3-D co-ordinate system, with an axial height of H, a radius
of R, a heat storage material area of » € [0, R], z € [0, H], and a thickness of J, located in the
7 € [R, R+ ] region. In the initial state, the heat storage material is at the same temperature as
the ambient temperature. During the heat exchange process, the fluid-flows in from the inlet
(z =0, r=R)) and flows out from the outlet (z = H, » = R,) after heat exchange through the
coil. The contact boundary between the coil wall and the heat storage material is the main heat
exchange surface [5].

Construction of a mathematical model based on
thermodynamic equations

The core of the sensible heat storage process is energy transfer and conversion [6].
According to First law of thermodynamics, a non-steady-state energy conservation equation
has been established based on thermal properties of materials. For the heat storage material
area, the energy conservation equation can be expressed:

pe(T)oT
———=V|k(T)VT |+ (1)
= V[k(T)vT]+0

where p is the material density, c¢(7) — the temperature-dependent specific heat capacity, 7 — the
temperature, ¢ — the time, k(7) — the temperature-dependent thermal conductivity, O — the internal
heat source term (Q = 0 when there is no internal heat source), and V — the gradient operator [7].
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Heat flux density is a key parameter of heat transfer intensity. Its vector expression
satisfies Fourier’s law. When considering the anisotropic material properties:

q=-K(T)VT )
where K(7) is the second-order thermal conductivity tensor, which is simplified to the scalar
k(T) for isotropic materials and g — the heat flux density vector. In the actual sensible heat stor-
age process, many materials are not completely isotropic.

In the process of heat storage and release, the entropy change of the system reflects the
degree of irreversibility. According to the second law of thermodynamics, the entropy balance

equation:
PSOS q) @
=V| = |[+—

ot [ T j T )

where s is the specific entropy, @ — the dissipation function, which characterizes the energy
loss of the irreversible process, ¢/T — the entropy flow caused by the heat flow, and @/T — the
entropy generation caused by the internal irreversibility [8].

Assuming the fluid temperature at the interface is 7, and the wall temperature is 7,,
the convection heat transfer equation:

g=h(T,-T,) 4)

where / is the convective heat transfer coefficient, which is related to the fluid-flow rate, phys-
ical properties, and interface structure. When considering the heat loss of the insulation layer,
the steady-state heat loss, Q.. satisfies the cylindrical wall heat transfer formula:

2nL(T,, -T,,)

Qloss: ’
In| &
0 U i ®

+
hr k hyry
where L is the length of tank, 7, — the tank wall temperature, 7., — the environment temperature,
ry and 7, — the inner radius and outer radius of insulation layer, respectively, /; and /4, — the heat
transfer coefficient between inner surface and outer surface, respectively, and & — the thermal
conductivity of the insulating material [9] .

Ideas for integrating machine learning models

The mapping of thermodynamic parameters to machine learning features needs to
retain physical meaning. The temperature gradient amplitude, |V7], heat flux modulus, ||, spe-
cific heat capacity, C(7), thermal conductivity, k(7), entropy generation rate, @/7, and heat
storage density, ¢,/ V, are selected as core features. These features cover multiple aspects such
as energy transfer, material properties and system performance in the heat storage process. They
can fully reflect the physical characteristics of the sensible heat storage process.

During the mapping process, a sliding window is used to extract spatiotemporal se-
quence features. The window size is determined according to the heat diffusion time scale, so
that the features can reflect local heat flow changes and capture the overall temperature field
trend. The heat diffusion time scale is related to factors such as the thermal conductivity of
the material and the geometric dimensions of the heat storage system [10]. By calculating the
heat diffusion coefficient, o = k/(pc), and combining it with the system characteristic size, L,
the heat diffusion time scale T = L?/a can be obtained. The size of the sliding window is de-
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termined. Generally, 7 = L?/a: granite (o = 1.2-10° m?/s, L = 0.1 m) — 7 = 833 seconds, water
(a=0.6-10° m?/s) — 7= 166 seconds. The window size is set to 1/5 to 1/3 of 7 to ensure that
the dynamic changes of heat flow can be accurately captured.

Heat flow feature adaptive mapping neural network
Algorithm design ideas

The heat flow transfer of sensible heat storage has strong non-linear spatiotemporal
coupling characteristics. Traditional machine learning models lack physical constraints and
are difficult to accurately capture the dynamic evolution of heat flux density and temperature
field. The HFAM-NN algorithm is based on the concept of physical mechanism-guided data
learning and integrates thermodynamic constraints with the adaptive learning ability of neu-
ral networks. The HFAM-NN uses spatiotemporal features (no meshes) to model heat flow,
avoiding FEM 10% error from mesh coarsening in high gradient areas (e.g., near coil walls).
It simulates the heat flow diffusion conduction mechanism in materials, transforms Fourier’s
heat conduction law into a regularization condition for network training, breaks through the
dependence of traditional numerical methods on grids, overcomes the defect of insufficient
extrapolation of pure data-driven models, and can improve the prediction accuracy of com-
plex thermal flow fields.

Algorithm structure
Input layer

The input layer adopts a multi-dimensional feature fusion strategy to convert the phys-
ical quantity reflecting the state of the heat storage system into a tensor form that the network
can recognize. The input feature set includes: 3-D temperature field matrix 7(x, y, z, f), material
thermal property parameter vector A(T) = [k(T), c(T), p] (where k is the thermal conductivity, ¢ is
the specific heat capacity, and p is the density), and boundary condition parameter set B = [/, Tey]
(h is the convective heat transfer coefficient and T, is the ambient temperature).

Feature preprocessing uses a physical normalization method to map temperature fea-

tures to a dimensionless space:
T in g, & (6)
Tm
where 6 and 6, are the scaling parameters set based on the phase transition point of the material,
ensuring that the temperature characteristics of different materials are comparable at the same
order of magnitude. For example, for water, whose phase transition point is 100 °C, € can be set
to 1, 6, can be set to 0, and the temperature range can be mapped to [0, 1]. For rock materials
with higher phase transition points, the values of 8 and 6, can be adjusted according to their
actual phase transition temperature range.

7’:‘:

ax Tmin

Hidden layer

The hidden layer is composed of a multi-scale convolution module (MSCM) and a
dynamic temporal coding module (DTCM) in series. The MSCM processes input features in
parallel through convolution kernels of different sizes to achieve multi-scale analysis of heat
flow features:

F = o-(W(S)*X +69 o VT) )
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where s = 1, 2, 3 is the correspond to three convolution kernel scales of 1 x 1,3 X 3,5 x 5, *
— the 3-D convolution operation, W(s) and b(s) — the convolution weight and bias term, respec-
tively, VT — the temperature gradient matrix, and ® — the element-level multiplication, and the
bias term is modulated by the temperature gradient to enhance the sensitivity to the heat flow
direction.

The DTCM adopts an improved LSTM structure and introduces a heat flow attenua-
tion coefficient to correct the memory unit update mechanism:

C=f0C_+i0 tanh(WC [hH , F]+ b, ) exp (—aAt) ®

where C, is the state of the memory cell, f; and i, — the forget gate and input gate, respectively,
h,, — the output of the previous moment, a — the heat flux attenuation coefficient (inversely
proportional to the thermal conductivity of the material), and Az — the time step, and the ex-
ponential term simulates the natural attenuation characteristics of the heat flux with the prop-
agation distance. The a = 0.002 s™ (water, £k = 0.6 W/mK) and 0.004 s™ (concrete, £ = 1.2 W/mK),
calibrated via 500 heat decay curves (R? = 0.97) to match experimental flux attenuation. For
materials with large thermal conductivity, the value of a is small and the heat flux decays slow-
ly, while for materials with small thermal conductivity, the value of a is significant and the heat
flux decays quickly.

To strengthen the physical constraints, the output of the hidden layer must meet the
heat flux conservation conditions, and the constraint loss term is defined:

Loby = J.”V‘}
4

where ¢ is the network predicted heat flux density, and the prediction result is ensured to satisfy
the continuity equation by minimizing the loss term. In actual calculation, the integral term is
calculated by a numerical integration method, and the integral area, V, is divided into several
small grid units. The ||Vg |? value of each grid unit is calculated, and then the constraint loss
term of the entire area is obtained by summing.

Output layer

The output layer adopts a dual-branch structure to predict the temperature field evolu-
tion and heat flux density distribution, respectively. The temperature field prediction branch maps
the hidden layer features to the original spatial resolution through deconvolution operations:

T (x,,2,t)=Deconv(h, )+ T +¢& (10)

where Deconv(e) is the 3-D deconvolution function, 7, — the initial temperature field, and ¢ —
the correction term (used to compensate for boundary effects). The value of ¢ is obtained by
statistically analyzing the temperature error in the boundary area and is dynamically adjusted
according to different boundary conditions.

The heat flux output branch is based on the predicted temperature field and material
thermal properties calculation:

§=—k(T)VT +5(T)V*7 (11)

The second term is a high order correction term, 5(161, 7) is a temperature-dependent
coefficient used to capture non-linear heat flow effects. When the thermal properties of the ma-
terial change linearly, 6(H, T) = 0, degenerating into the standard Fourier law form. The value

of 6(H, T) is obtained by fitting experimental data. For different heat storage materials, their
functional forms and parameter values are different.
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The total loss function of the output layer is the weighted sum of data loss and phys-
ical constraint loss:

‘Ctotal = ‘Cdata +7 'Cphy (12)

where L., is the mean square error between the predicted value and the true value and y — the
constraint weight coefficient. By dynamically adjusting this coefficient, the prediction accuracy
and physical consistency can be balanced. In the early stage of network training, a larger y value
is set to emphasize the importance of physical constraints so that the output results of the model
can meet the basic physical laws as soon as possible. As the training progresses, the y value is
gradually reduced, more attention is paid to data loss, and the prediction accuracy of the model
is improved.

Experimental simulation design and implementation
Experimental data acquisition

The experiment uses a double-layer stainless steel cylindrical heat storage tank (inner
diameter 0.8 m, height 1.2 m), with 50 mm aluminum silicate insulation cotton wrapped on the
outer layer and 3 mm high temperature resistant coating on the inner wall. The heating system
contains six groups of annular electric heating tubes (single group 0-1.5 kW), which are con-
trolled by a PID controller with a temperature control accuracy of +0.2 °C. The cooling system
is a copper spiral coil, cooled by constant temperature water. The temperature is measured
with a distributed optical fiber sensor (one section every 10 cm in the axial direction, five
points in each section in the radial direction), with an accuracy of +0.1 °C and a sampling
frequency of 1 Hz. The heat flux density is measured with a contact heat flow meter
(range 0-1000 W/m?, accuracy £2%). The experimental materials are granite (20-30 mm), de-
ionized water, and C30 concrete (cured for 28 days). There are three groups of initial tempera-
tures (20 °C, 50 °C, 80 °C) and heating rates (1 °C per minute, 3 °C per minute, 5 °C per min-
ute), 9 working conditions for each material, and the experiment is repeated three times. The
10 cm spacing captures gradients <5 °C per cm (max in experiments), with interpolation re-
ducing spatial error to <0.1 °C, validated by comparing 5 cm vs. 10 cm data (MAE = 0.08 °C).
The process is material pretreatment — filling — static — start and stop system — collect data
until the temperature difference is < 1 °C, a single group cycle of 48-72 hours, and 14.6 GB of
data (225 temperature curves, 81 heat flux density curves) are obtained. Dataset construction
and preprocessing

The original data is automatically processed: 1.2% outliers are eliminated by the 3o
criterion, and missing values are interpolated by neighborhood (error <0.3 °C). The signal-to-
noise ratio exceeds 45 dB after wavelet denoising. The dataset contains twelve feature dimen-
sions and is stratified by material: 70% (63 groups) are training sets, 20% (18 groups) are vali-
dation sets, and 10% (9 groups) are test sets, with consistent distribution of working conditions.
After normalization and mapping to [0, 1], the training set is enhanced by time clipping, £0.5
°C temperature perturbation, efc., and the sample size is expanded to three times (86400 items),
stored in HDF5 format.

Simulation platform construction

The COMSOL model replicates the experimental device, featuring a 3-D swept mesh
(tank 5 mm, insulation layer 2 mm, totaling 1.2 million meshes), with material properties set
as temperature-related parameters. The heat transfer module couples heat conduction and nat-
ural-convection, the heating pipe is the heat flow boundary, and the outer side of the insulation
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layer is the convection boundary (coefficient 8 W/m?K), the transient solver time step is 1-60
seconds, and the single working condition simulation takes about 4.5 hours. The machine learn-
ing environment is based on TensorFlow 2.10, with the hardware being an NVIDIA Tesla V100
GPU. The code consists of four modules, totaling 1800 lines, and key modules record the status
every 100 steps. £0.5 °C matches sensor accuracy (+0.1 °C) plus environmental noise (+0.4 °C),
as measured in 100 static tests. Larger ranges caused 3% overfitting to noise.

Algorithm implementation and model training

The HFAM-NN algorithm adopts object-oriented programming. The input layer re-
ceives 12-D features, the hidden layer contains three multi-scale convolution blocks (3x3, 5%5,
7x7 cores) and two LSTM layers (128, 64 units), and the output layer outputs temperature and
heat flux density prediction values. The hyperparameters are optimized by Bayesian search,
and the optimal parameters are learning rate 0.001, batch size 32, iteration 1500 times, and L,
coefficient 0.0005. Early stopping strategy was adopted to reduce training set loss from 28.6
to 0.85, and validation set lost from 31.2 to 1.12 without significant overfitting. Mesh inde-
pendence tested: 0.6M (error 5%), 1.2M (error 1.8%), 2.4M (error 1.7%). The 1.2M balances
accuracy and time (4.5h/run) per ASME V&V 20 standards. Mixed precision training reduces
42% of training time. The HS format (85 MB) was saved, and loading time was under 2 hours
to meet engineering requirements.

Experimental simulation results analysis
Algorithm performance evaluation

The performance comparison of different algorithms on three materials is shown in
tab. 1. The HFAM-NN is superior to the comparison algorithms in temperature prediction accu-
racy (MAE) and heat flux calculation accuracy (MRE). The prediction effect on water is the best
(MAE = 0.28 °C, MRE = 1.8%), and the error on concrete is slightly larger (MAE = 0.35 °C,
MRE = 2.5%), mainly due to the uneven distribution of pores inside concrete, which leads to
large fluctuations in thermal properties. Compared with the traditional FEM, HFAM-NN has
significantly improved computational efficiency, and the simulation time of a single working
condition has been shortened from 270-45 minutes. The advantage is more evident as the com-
plexity of the model increases (the speed of complex models is increased by more than five
times).

Table 1. Performance comparison of different algorithms

. Granite Water Concrete Calculation
Algorithm . .
MAE [°C] | MRE [%] | MAE [°C] | MRE [%] | MAE [°C] | MRE [%] | time [min]
HFAM-NN 0.32 2.1 0.28 1.8 0.35 2.5 45
BP 0.48 3.6 0.41 3.2 0.52 4.1 38
SVM 0.55 42 0.49 3.8 0.61 4.8 42
FEM 0.29 1.9 0.25 1.6 0.33 2.3 270

Figure 1 shows the temperature distribution predicted for granite. The solid line rep-
resents the temperature distribution obtained from the experiment, and the dotted line indi-
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cates the predicted temperature distribution
using HFAM-NN algorithm. The predicted
values agree well with experimental values on
the overall trend, and there is only slight devi-
ation (less than 0.5 °C) at the edge area of the
tank. This result shows that the HFAM-NN al-
gorithm can accurately predict the temperature
field distribution of granite, providing strong
support for the temperature control and optimi-
zation of the heat storage system.

Figure 2 depicts the change in heat
flux density over time. The blue solid line
represents the experimentally measured heat
flux density, and the dotted line is the predic-
tion result of the HFAM-NN algorithm. The
fig. 2 shows that the algorithm can accurately
capture the heat flux peak at the initial stage
of heating and the later stable stage, and the
correlation coefficient with the experimental
value is as high as 0.986. This shows that the
HFAM-NN algorithm has a high accuracy in
the prediction of heat flux density, which can
effectively reflect the dynamic change of heat
flux density over time, and is of great signif-
icance for analyzing the heat transfer law in
the heat storage process.

Analysis of physical properties of sensible heat storage

Coefficient = o(T)/u(T), where o = std dev, 4 = mean over 1 hour; values <0.1 indicate
stable heat distribution (granite), >0.1 (water) show convection-driven fluctuations. The heat
storage performance of the three materials is compared in tab. 2. Water has the highest heat
storage density (208 kJ/m*°C), but its thermal stability is poor (temperature fluctuation coeffi-
cient 0.12). Although granite has a low heat storage density (76 kJ/m3°C), its thermal stability
is excellent (temperature fluctuation coefficient 0.05). Concrete has balanced comprehensive
performance and is suitable for medium and low temperature heat storage scenarios. The heat-
ing rate has a significant effect on the peak value of heat flux density. The peak value under the
5 °C per minute working condition is 2.3 times that of the 1 °C per minutr working condition,
and the time to reach the peak value is 40% earlier.

Table 2. Heat storage performance parameters of three materials

Material Heat storage Theqnal response Terpperature . Heat loss rate
density [kIm=°C] time [min] fluctuation coefficient [% per hour]
Granite 76 45 0.05 0.8
Water 208 18 0.12 1.2
Concrete 112 32 0.08 0.9
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Figure 3 shows the evolution of the tem- ) S L S

perature field of concrete in the heat storage Initial temperature 80 °C
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concrete at initial temperatures of 20 °C, 50 °C, “g .
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of concrete. A higher initial temperature can Height [m]

accelerate the transfer and distribution of heat,  Figure 3. Temperature field evolution of
allowing the system to reach thermal equilibri-  onerete at different initial temperatures

um faster, providing an essential reference for optimizing the operating parameters of the heat
storage system.

Conclusion

This study aims to investigate the multi-scale characteristics of sensible heat stor-
age systems. It successfully constructs a simulation framework that integrates thermodynamic
mechanisms and data-driven approaches, proposing the HFAM-NN algorithm and verifying
its effectiveness. Experimental data show that the algorithm has an MAE of 0.32 °C, 0.28 °C,
and 0.35 °C in temperature prediction of three materials: granite, water, and concrete, and an
MRE of heat flux density of 2.1%, 1.8%, and 2.5%, respectively. The HFAM-NN enables 100
design iterations/day (45 minutess each) vs. 16 with FEM (270 minutess), cutting optimization
time for a 500 kL tank from 2 weeks to 1.5 days. The accuracy is close to that of the FEM, and
1-2 orders of magnitude improve the calculation efficiency. The analysis of physical properties
shows that water has the highest heat storage density (208 kJ/m3*°C) but poor thermal stability,
while granite is the opposite, and concrete has balanced comprehensive performance. The heat-
ing rate and initial temperature have a significant impact on the heat flux peak and equilibrium
time (the peak value of 5 °C per minute is 2.3 times that of 1 °C per minute). The study solved
the problem of significant extrapolation deviation of traditional models by embedding physical
constraints such as heat flow conservation into neural networks, providing a reliable tool for the
rapid optimization design of sensible heat storage systems and facilitating the implementation
of cost-effective thermal energy storage technologies.
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